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Abstract

Explaining asset-pricing behaviour remains a significant challenge in emerging markets, where structural
inefficiencies, market volatility, and differences in investor behaviour can influence equity returns. This study
examines the comparative performance of the Fama-French Five-Factor (FF5F) model against the Capital Asset
Pricing Model (CAPM) and the Fama-French Three-Factor (FF3F) model across large- and small-cap portfolios in the
Indian stock market. Monthly stock-return data for companies included in the NIFTY 500 Index from January 2015 to
December 2024 are analysed using time-series Ordinary Least Squares (OLS) regression. Model performance is
evaluated using adjusted R? Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). The
findings indicate that the FF5F model provides greater explanatory power than CAPM and FF3F, particularly for
large-cap portfolios, where the profitability (RMW) and investment (CMA) factors play important roles in explaining
returns. In contrast, small-cap portfolios exhibit greater sensitivity to market volatility, reflected in their relationship
with India VIX. The study provides India-specific empirical evidence based on a broad NIFTY 500 sample and
highlights differences in factor behaviour across large-cap and small-cap portfolios. These findings contribute to a
better understanding of the applicability of multifactor asset-pricing models in an emerging-market context and
provide insights into the heterogeneous behaviour of factor exposures across segments of the Indian equity market.

Keywords: Fama-French Five-Factor Model, Asset Pricing, Emerging Markets, Indian Equity Market, Portfolio
&anagement, Large-Cap Stocks, Small-Cap Stocks.

1. Introduction

A key goal of financial economics is to explain and forecast the returns on equity stock accurately. The
early models work to relate expected returns with market risk include the Capital Asset Pricing Model
(CAPM), which was discovered to have various anomalies, including the size and value effects, which
could not be sufficiently explained by CAPM (Fama and French, 2015)( Kwon, 2025). Although CPAM
remain foundational, the three factor model was introduced to address size and value effect factor. Later,
in 2015 Fama and French used these shortcomings to generalize their three factor model proposal by
incorporating profitability and investment factors, which, in turn, makes the FF5F (Fama-French Five-
Factor Model) a more holistic approach to explaining the cross section of average stock returns (Fama
and French, 2015).

The FF5F model has been widely tested in the global equity markets showing a high explanatory power,
however findings from the emerging market remains inconsistent (Bouteska, Sharif and Abedin, 2024). It
is found to perform poorly in the emerging markets where profitability and investment aspects can be of
less importance. The Indian stock market offers a crucial context for analyzing these problems because it
incorporates elements of both established and developing financial systems. Although factor pricing
behaviour in India has been studied in the past, the majority research concentrates have tested
multifactor asset pricing models, most empirical investigations have primarily focused on CAPM and FF3F
frameworks, with relatively limited evidence regarding the comparative effectiveness of the more recent
FF5F model across different market capitalization segments (Bahl, 2006). Because large-cap and small-
cap stocks often react differently to systemic risk factors, investor mood, liquidity limitations, and
macroeconomic uncertainty, this produces a significant disparity.

The study also investigates if understanding portfolio return dynamics across various market
capitalization sectors is enhanced by market sentiment as reflected by the India VIX. According to recent
advances in behavioural finance, investor sentiment and volatility expectations have a big impact on stock
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prices, especially for smaller companies. Therefore, India VIX, which gauges anticipated market volatility,
offer more explanatory power than traditional factor pricing frameworks (Pandey, 2001). The results add
to the body of knowledge on asset pricing in developing economies and offer empirical support for the
question of whether conventional multifactor asset pricing models hold up in the face of volatility,
behavioural impacts, and structural heterogeneity.

2. Literature Review
The section reviews the past research related to the Fama-French Five Factor model, comparative
performance and the growing role.

2.1 Evolution of The Fama-French Five-Factor Model (FF5F)

A key component of portfolio management and corporate finance decision-making, CAPM created a
theoretical framework that connected risk and return (Sharpe, 1964). FF5F is an important contribution
to the asset pricing theory that builds up on the initial three-factor model developed by Fama and French
(Fama and French, 1993). FF5F model uses a combination of factors such as market (MKT), size (SMB),
value (HML), profitability (RMW) and investment (CMA) variables in explaining stock returns
comprehensively compared to the previous models. The initial three factor model of Fama and French
(1993) had effectively explained a significant amount of the cross sectional variation in stock returns
concentrating on SMB, HML and MKT risk concentrations. The three factor model was however limited
especially in explaining some anomalies such as the momentum and the price of assets in portfolios that
had different profitability and investment strategies. Fama and French (2015) have tried to fill these gaps
by the RMW and CMA factors which they hypothesized could better explain cross-sectional differences in
average stock returns. RMW factor tracks the distance between high and low profitability firms (the level
of operating profits of a firm as compared to its assets) and the CMA factor tracks the returns of firms of
conservative investment policy as compared to firms of aggressive investment policy (Fama and French,
2015).

2.2 Performance evidences of The Fama-French Five-Factor Model (FF5F)

Fama and French (2015) argue that the FF5F model explains the cross-sectional variance of the stock
returns better than the conventional CAPM model and the three-factor model. The authors discovered
that FF5F model explains a higher number of systematic risk factors and is thus a superior model to
assess the returns and risk of equity portfolio. Although FF5F model has been found to have better
explanatory power as compared to its counterparts; other researchers have indicated that other factors
like momentum should be introduced to increase the explanatory power of the model in explaining stock
returns more accurately (Jegadeesh, and Titman, 1993). However, FF5F model fails in consideration of
the momentum factor, which still remains a significant anomaly.

The model of FF5F has been strengthened by recent studies. Foye (2018) discovered that the profitability
and investment consideration contributed a considerable degree of variation in the stock returns in the
emerging markets, e.g., Eastern Europe and Latin America (Foye, 2018). This shows how the FF5F model
is flexible in other markets and is better able to explain returns compared to the three-factor model. Many
international studies for the FF5F models are also being tested and confirm the robustness of FF5F across
developed markets (Chiah et.al,, 2016).

Salameh (2020) used the FF5F model to study the stock market of the Middle East (Saudi stock exchange),
and discovered that the model was effective in explaining both large-cap and small-cap stock returns but
the investment factor was not equally relevant in all markets (Salameh, 2020). However, empirical
evidence in an international setting, including Turkey produces a mixed finding regarding the FF5F model
effectiveness. It concluded that the profitability an investment factor do not always generate statistically
consistent result (Mosoeu and Kodongo, 2022). Similar statement was concluded over the five factor
model which stated factor endowments can provide better descriptive impact on conventional asset
pricing models, such as CAPM and three factor model, in a variety of markets, though findings are
occasionally inconsistent relying on particular factors and market environments (Alam, 2025). In Indian
market context, Sehgal and Balakrishnana also presented evidences’ for regarding factor pricing
effectiveness robustness in Indian market (Sehgal and Balakrishnan, 2013).

Tripathi (2021) applied the FF5F model to Indian large-cap stocks and established that the model was an
effective explanation of the variation of returns in blue-chip stocks in the NSE, where profitability and size
factors were found to be important. The researchers also found that the factor CMA is also crucial in
describing the returns of large-cap companies (especially in the industries with a greater level of capital
intensity, including utilities and energy) (Tripathi and Singh, 2021).

2.3 Performance in Large-Cap vs. Small-Cap Portfolios
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It is common for large-cap and small-cap enterprises to react to systematic and idiosyncratic risk
variables in fundamentally different ways. In general, large-cap companies show more flexibility to
economic instability, stronger institutional ownership, higher liquidity, and comparatively constant
earnings. Small-cap companies, on the other hand, usually show more volatility, less liquidity, and a
greater sensitivity to external market shocks.

Foye reported FF5F Model has been shown to be effective differently when used in large-cap and small-
cap stock portfolios, and in some instances, it has been found to be more effective with large-cap stock
portfolios (Foye, 2018). The FF5F model can better capture systematic risk factors which include market
risk, size and value because large-cap stocks are generally less volatile and more stable compared to
small-cap stocks. It was demonstrated that the large-cap stocks conform to the FF5F factors with the HML
and RMW factors being the most appropriate (Fama and French, 2015). Deshpande and friends observed
that market capitalization was found to be consistent with the large-cap stocks in the FF5F model in some
markets, which leads to the large-cap stocks performing better in the model and thus leads to improved
model fit.

In small cap equity portfolio, the explanatory power of FF5F model is weaker because smaller firms have
greater volatility and idiosyncratic risk (Deshpande et. al., 2025). They further observed that the Middle
East market sentiment was more susceptible to small-cap stocks, and the element of investment and
profitability did not play a very important role in explaining the stock returns. Alam established that
small-cap stocks were more exposed to risk factors, especially profitability and investment, but were less
likely to follow the size and value factors in FF5F model (Alam, 2025). In this respect, the issue of
momentum has been proposed to be a balancing factor to enhancing the predictive quality of the FF5F
model of small-cap stocks.

2.4 Behavioral Finance and Investor Sentiment in Asset Pricing

In emerging markets, where retail investor involvement is relatively large and market efficiency is still
inadequate, recent research increasingly show that investor sentiment is especially significant. Numerous
empirical research indicate that momentum-related impacts, speculative trading activity, and behavioural
factors have a greater impact on returns for smaller enterprises. Anand and Kumar reported that investor
sentiments influence the stock return within Indian equity market and lead to market uncertainty (Anand
and Kumar, 2025). In support, Kuo and Bouteshka presented that sentiment based variables improve the
over model performance beyond conventional. 3

According to a study of the Chinese market in 2024, SMB and HML are also considered influential, yet the
profitability factors such as RMW do not reflect the Chinese small-cap stocks peculiarities that are more
exposed to external influence factors such as geopolitical events and policy changes (Zhang, 2025). More
recent studies indicate that sentiment indicators like the India VIX can be incorporated in the models to
improve their accuracy by adding behavioral variables on the basis of their effects on the asset prices
(Baker and Wurgler, 2006). This is in line with conclusions of Nain and colleagues (2025) who suggest
that market sentiment variables such as what India VIX measures can be important determinants of
small-cap stock returns in volatile marketplaces (Nain et al., 2025).

3. Research Methodology

The study mainly focus on quantitative empirical research design based on portfolio-level analysis along
with the traditional factor pricing approach. Over a ten-year period, from January 2015 to December
2024, monthly portfolio returns are examined. The study assesses whether the explanatory capacity of
asset pricing models under emerging market conditions is enhanced by the addition of new systematic
risk factors.

3.1 Model Framework

The effectiveness of the Fama-French asset pricing models is considered through Ordinary Least Squares
regression (OLS), in explaining the portfolio returns in the large-cap segment and the small-cap segment.
In contrast to the previous level of stock analysis, this one takes the portfolio-based approach, in which
portfolios are built employing a 3x3 sorting system in accordance with market capitalization and book-
market proportion, as per the conventional Fama-French models. Through the regression analysis, the
factor loading of each of the portfolios with the CAPM, Fama-French Three-Factor (FF3F) and Fama-
French Five-Factor (FF5F) models are estimated, so that the explanatory power of each model can be
compared.

T-statistics are used to evaluate the statistical significance of factor loadings and Adjusted R? is used to
measure the goodness of fit of the models in addition to the model selection criteria like Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) to assess robustness and prevent
over fitting.
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3.2 Data Collection
The research employs a detailed sample of listed companies comprising of the NIFTY 500 index, which
represents a wide market and eliminates the drawback of small sample bias. The secondary financial
market data include the diverse industrial sectors and provide broad Indian Equity market
representation. The study period is sufficiently long from January 2015 to December 2024 that includes
pre and post COVID market environment. Additionally dataset include the volatility data obtained
through Indian VIX for investor sentiments and market uncertainty.
3.3 Formation of Portfolio
The portfolio formation process involves the process by which an individual organizes his assets in order
to minimize risks and ensure greater returns on their investment (Markowitz, 1952). The standard Fama-
French approach is applied in constructing the portfolios using a two-step sorting process of size and
book-to-market ratio.
All companies are ranked in the Universe of NIFTY 500 per year according to market capitalization and
split into two categories:
e Small (S): Bottom 50% of firms
e Big (B): Top 50% of firms
within each size group, they fall in three categories of firms which are arranged in terms of the book-to-
market (B/M) ratio:
e Low (L): Bottom 30% (growth stocks)
e Medium (M): Middle 40%
e High (H): Top 30% (value stocks)
According to such dual sorting, six portfolios are formed namely:
1. Small-Low (S/L): Small-cap growth stocks.
Small-Medium (S/M): Neutral stocks of small-cap.
Black (S/H): Black market value stocks.
Big-Low (B/L): Growth stocks that are of large scale.
Big-Medium (B/M) Large-cap neutral stocks.
6. Big-High (B/H): Big-cap value stocks.
Monthly value-weighted returns of such portfolios are further calculated and used as dependent variable
for further estimation.
3.4 Variable Defination
Dependent Variable:
The dependent variable is the monthly excess return of portfolios which is the difference between
portfolio returns and the risk-free rate (91-day Treasury Bill rate).
Independent Variables:
The independent variables are typical Fama-French factors:
Market risk premium (MKT = R_m-R_f)
Factor of size (SMB: Small Minus big)
Value factor (HML: High Minus Low)
Profitability factor (RMW: Robust Minus Weak)
Investment factor (CMA: Conservative minus Aggressive)
A behavioral aspect, India VIX, is incorporated as an indicator of expected market volatility and market
stress. The higher India VIX the more volatile and uncertain are the market conditions and this will have
more impact on the small cap portfolio returns since the cap is very sensitive to the behavioral and
liquidity driven factors. To develop the analysis further, the Fama-McBeth cross-sectional regression is
also used to ensure the pricing capability of the factors in the portfolio, including the stationarity (ADF
test) and the multicollinearity (VIF test) diagnostic tests, and assures the reliability and strength of the
estimated results.
3.5 Econometric Methodology
The study also uses various econometric methods to achieve strength:
1. Time-Series Regression (Fama-French approach): Time-Series regression is applied in an attempt to
determine the factor loadings of each portfolio.
2. Fama-MacBeth Cross-Sectional Regression: It is applied to examine the explanatory ability of factors
among portfolios.
Diagnostic Tests:
Stationarity test (ADF test)
Multicollinearity (VIF test)
Heteroskedasticity (White test)
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They have strong Standard Errors, which are used to remove possible auto-correlation and
heteroskedasticity.

4. Model Comparison:

CAPM

Fama-French 3-Factor Model

Fama-French 5-Factor Model

Evaluation Metrics:

Adjusted R?

Akaike Information Criterion / Bayesian Information Criterion

e o U1 e o o

4. Results

The empirical results of estimating three competitive asset pricing models—the Capital Asset Pricing
Model (CAPM), the Fama-French Three-Factor Model (FF3F), and the Fama-French Five-Factor Model
(FF5F)—are shown and discussed in this section. The goal is to compare the explanatory performance of
large-cap and small-cap equities portfolios and investigate whether the model's efficacy is enhanced by
additional systematic and behavioural elements.

4.1 Descriptive Statistics of Portfolio Returns

The Table 1 present descriptive statistics for the six portfolios constructed using size and book to market
sorting methodology.

Table 1: Summary Statistics of 3x3 Portfolios (2015-2024)

Portfolio Mean (%) | Std Dev (%) | Skewness | Kurtosis
Small-Low 1.42 6.85 0.61 3.98
Small-Medium 1.65 7.2 0.74 4.12
Small-High 1.88 7.95 0.89 4.45
Big-Low 0.98 5.1 0.32 3.25
Big-Medium 1.12 5.45 0.4 3.4
Big-High 1.25 5.8 0.48 3.62

It shows that there is no doubt that there are differences between small-cap and large-cap portfolios.
Small-cap portfolios have higher monthly average returns (1.42% -1.88%), than big cap portfolios (0.98%
-1.25%), and this implies that there is a size premium in the Indian equity market. This prove to be
supporting the existence of size premium within the Indian equality market.

Nevertheless, the volatility (standard deviation of up to 7.95%), of the small-cap portfolios also show a
much higher volatility, as it is expected that higher returns go with higher risks. Also, the extreme values
of skew and kurtosis indicate that, the value of small cap stocks is more subject to extreme returns which
are in line with the nature of emerging markets.

4.2 CAPM Results (Time-Series Regression)
Table 2 reports estimation results under the Capital Asset Pricing Model.

Table 2: CAPM Results for Size-Based Portfolios

Portfolio Beta (B) | Alpha (a) | Adjusted R? | p-value
Small Portfolio (Average) 1.24 -0.0021 0.56 0
Big Portfolio (Average) 0.96 0.0014 0.63 0

The findings of the CAPM show as in Figure 1 that the market risk is the only factor that can explain a
moderate percentage of portfolio returns. Portfolios made of large-cap stocks (Adjusted R2 = 0.63) have a
slightly greater explanatory power than the explanatory power of small-cap portfolios (Adjusted R2 =
0.56), indicating that large-cap stocks tend to follow systematic market changes. The estimated beta
coefficient for small-cap portfolios is comparatively higher, indicating stronger sensitivity to general
market movements. However, the observed negative alpha in the small-cap portfolios shows the poor
performance in comparison with the results of the CAPM, and it supplies the evidence of the extra risk
variables that the single-factor model cannot explain.
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Figure 1: CAPM Results for Size-Based Portfolios
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4.3 Fama-French Three-Factor Model Results

Table 3 presents estimation results for the Fama-French Three-Factor Model. SMB (size) and value (HML)
factors are considered to be of great importance to the model performance as depicted in Figure 2. The

positive SMB coefficient of small-cap portfolios (0.36) is a strong affirmation that size effect does exist

and smaller firms are better in giving high returns. The value variable (HML) is substantial in both types

of portfolios, which means that value stocks perform better that growth stocks in the Indian market. The

fact that Adjusted R2 increases (to a maximum of 0.75) indicates that FF3F is a better explanatory variable

than CAPM.

Table 3: FF3F Model Results

Portfolio MKT | SMB | HML | Alpha | Adjusted R?

Small Portfolio | 1.18 | 0.36 | 0.29 | -0.0018 0.69

Big Portfolio | 0.94 | -0.14 | 0.22 | 0.0012 0.75

Fama-French Factors Comparison {Small vs Big Portfolio)
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Figure 2: FF3F Model Results

Hypothesis 1 is empirically supported by the improvement in explanatory performance relative to CAPM,
which shows that multifactor pricing models outperform conventional beta-based frameworks in
explaining portfolio return behavior.

4.4 Fama-French Five-Factor Model with India VIX
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Table 4 reports estimation results under the Fama-French Five-Factor Model with inclusion of India VIX
as a behavioral variable.

Table 4: FF5F Model Results (with Sentiment Factor)

Portfolio MKT | SMB | HML | RMW | CMA | India VIX | Alpha | Adjusted R?

Small Portfolio | 1.2 | 0.38 | 0.31 | 0.07 | 0.05 0.13 -0.0023 0.73

Big Portfolio 093 | -0.1 | 0.19 | 0.24 | 0.17 0.04 0.0009 0.81

The findings indicated in Figure 3 shows that FF5F model has the greatest explanatory power as
compared to the rest of the models. The profitability (RMW = 0.24) and investment (CMA = 0.17) factors
have a significant beneficial impact on the large-cap portfolios, which implies that firms that have good
financial results and focus on investing in low risk areas produce more steady returns.
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Figure 3: FF5F Model Result

Small-cap portfolios, in contrast, are less sensitive to RMW and CMA, which indicates less effective
fundamental features to explain returns in small-cap portfolios. Small-cap portfolios have a significantly
high coefficient of India VIX (0.13), which is an indication of high sensitivity to market sentiment and
volatility. This helps to argue that behavioral factors have a stronger impact on small-cap stocks. The
result support the second and third hypothesis that the explanatory performance of FF5F exceeds
competing models and differs significantly across market capitalization groups.

4.5 Model Comparison Performance Analysis
Table 5 compares the relative performance of all three asset pricing models using Adjusted R?, Akaike

Information Criterion (AIC), and Bayesian Information Criterion (BIC).

Table 5: Model Performance Comparison

Model | Portfolio | Adjusted R* | AIC BIC

CAPM Small 0.56 -185.2 | -172.4
CAPM Big 0.63 -210.6 | -198.1
FF3F Small 0.69 -220.3 | -205.5
FF3F Big 0.75 -245.1 | -229.8
FF5F Small 0.73 -238.7 | -220.2
FF5F Big 0.81 -270.4 | -252.9

In the comparison Figure 4, it is evident that FF5F model performs better than both CAPM and FF3F
models in all the evaluation measures. Large-cap portfolios have the highest Adjusted R? (0.81) which
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validates the best model fit. A smaller AIC and BIC of FF5F means that the model is more efficient and is

not over fitted. Nevertheless, the comparatively low sample that can explain small-cap portfolios implies

that other factors like momentum have the potential of further creating better results in the model.
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Figure 4: Model Comparison

These findings provide strong empirical evidence supporting Hypothesis 2 regarding the superiority of
the Fama-French Five-Factor Model.

4.6 Fama-MacBeth Cross-Sectional Results

Table 6 displays the cross-sectional findings substantiate the fact that the market, size, and value
variables are the most notable determinants of stock returns in the Indian market. The profitability
aspect is also a factor to consider especially to the large-cap stocks. The importance of India VIX supports
the importance of behavioral finance particularly in the explanation of small-cap stocks.

Table 6: Cross-Sectional Factor Pricing Results

Factor | Coefficient | t-statistic | Significance
MKT 0.89 5.45 Significant
SMB 0.31 3.62 Significant
HML 0.24 3.05 Significant
RMW 0.17 2.38 Significant
CMA 0.1 1.82 Marginal

India VIX 0.12 2.71 Significant

4.7 Sub-Period Analysis: Pre-COVID vs Post-COVID

To check the stability of the model in various market conditions, the sample period is sub-divided into
two sub-periods:

Pre-COVID Period: January 2015- December 2019.

Post-COVID Period: January 2020, through to December, 2024.

This classification describes the break in financial markets structure that the COVID-19 pandemic brought
due to increased volatility, liquidity shocks, and behavioral biases.

Table 7: FF5F Model Results across Sub-Periods

Portfolio Period MKT | SMB | HML | RMW | CMA | India VIX | Adjusted R?

Small Pre-COVID | 1.15 | 0.32 | 0.27 | 0.05 | 0.04 0.08 0.7
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Small Post-COVID | 1.28 | 0.41 | 0.34 | 0.09 | 0.07 0.18 0.75
Big Pre-COVID | 092 | -0.11 | 0.18 | 0.22 | 0.16 0.03 0.79
Big Post-COVID | 0.96 | -0.09 | 0.21 | 0.26 | 0.19 0.06 0.83

The sub-period analysis shown in Table 7 that there are major structural variations of factors behavior
prior to the COVID-19 pandemic and after. The explanatory power of the FF5F model is better in the post-
COVID period, with Adjusted R? rising to 0.70 and 0.79 with small and large-cap portfolios, respectively.
This indicates that the factor models are more effective during the times of increased volatility and
marketable changes. The most prominent observation is that the small-cap portfolios became more
sensitive to both the size (SMB) and value (HML) during the post-COVID period. The SMB coefficient r
increases to 0.41, which shows that the size premium is stiffer in the case of uncertain economic
conditions.

The India VIX coefficient depicts a significant increment of small-cap portfolios (between 0.08 and 0.18),
and it confirms that market sentiment is a very significant factor in explaining returns in crisis times. This
is as per what behavioral finance theories postulates; investor fear and uncertainty play a very big role in
the pricing.

In large-cap portfolios, the profitability (RMW) and investment (CMA) variables are highlighted more in
the post-COVID era, which means that investors are more inclined to choosing a certain investment based
on the fundamental strength and financial stability in the uncertain environment. The findings agree that
FF5F model is sound over the period but the magnitude of the behavioral factor and size factor increases
in crisis periods, especially in the case of small-cap stocks.

5. Conclusion

Overall the study help generate several important implications for investors, portfolio managers, policy
makers and researchers. Firstly, institutional investors managing large-cap equity portfolios may feel
more comfortable using multifactor pricing frameworks like the Fama-French Five-Factor Model because
traditional accounting-based factors show comparatively stronger explanatory performance among
financially stable firms. Second, because traditional factor pricing models only partially describe return
dynamics among smaller firms operating under substantially higher uncertainty, investment methods
involving small-cap stocks should include behavioural and sentiment-based variables. Third, instead of
using consistent pricing assumptions for the whole equity market, portfolio managers should make better
asset allocation decisions by acknowledging that factor sensitivities differ greatly among market.
Fourthly, policymakers and market regulators should acknowledge that investor sentiment has a
substantial impact on smaller businesses during times of increased market volatility, indicating the need
for enhanced market transparency. Lastly disruptions like the COVID-19 pandemic considerably changed
factor sensitivities across portfolios, according to the pre- and post-COVID comparison research. While
large-cap companies demonstrated a greater reliance on profitability and investment-related factors,
post-COVID results indicated that small-cap equities are more sensitive to volatility and behavioural
uncertainty. These results emphasize how crucial it is to take crisis times into account when assessing
asset pricing models in developing economies.

6. Discussion and Future Scope

The Capital Asset Pricing Model (CAPM), Fama-French Three-Factor Model (FF3F), and Fama-French
Five-Factor Model (FF5F) were the three asset pricing models that were compared for their explanatory
performance across large-cap and small-cap equity portfolios in the Indian stock market. The empirical
results show that the FF5F model outperforms CAPM and FF3F in terms of explanatory performance,
especially for large-cap portfolios where return prediction is greatly enhanced by profitability and
investment characteristics. Conversely, the comparatively poorer performance of FF5F for small-cap
portfolios indicates that market sentiment and behavioural uncertainty have a greater impact on smaller
companies, as shown by the India VIX.

These results add to the literature on developing market asset pricing by showing that business size,
market conditions, investor behavior, and factor definition all affect model efficacy. Nevertheless, the
research is restricted to companies that are included in the NIFTY 500 Index and does not take into
account other elements like momentum, liquidity, or sophisticated machine learning techniques. To
increase forecast accuracy and bolster the generalizability of multifactor asset pricing models, future
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research may expand this analysis by incorporating more comprehensive behavioural indicators,
alternative factor architectures, and cross-country comparisons across emerging markets.
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